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Abstract

Recent progress in robotics and embodied Al is largely driven
by Large Multimodal Models (LMM:s). However, a key chal-
lenge remains underexplored: how can we advance LMMs
to discover tasks that assist humans in open-future scenarios,
where human intentions are highly concurrent and dynamic.
In this work, we formalize the problem of Human-centric
Open-future Task Discovery (HOTD), focusing particularly
on identifying tasks that reduce human effort across plausi-
ble futures. To facilitate this study, we propose HOTD-Bench,
which features over 2K real-world videos, a semi-automated
annotation pipeline, and a simulation-based protocol tailored
for open-set future evaluation. Additionally, we propose the
Collaborative Multi-Agent Search Tree (CMAST) frame-
work, which decomposes complex reasoning through a multi-
agent system and structures the reasoning process through
a scalable search tree module. In our experiments, CMAST
achieves the best performance on the HOTD-Bench, signifi-
cantly surpassing existing LMMs. It also integrates well with
existing LMMs, consistently improving performance.

Introduction

Developments in robotics and embodied AI hold great
promise for assisting humans in daily life. Recent advance-
ments in Large Multimodal Models (LMMs) have signifi-
cantly accelerated this process, empowering robots with re-
markable intelligence in various domains (Khandelwal et al.
2022; Liang et al. 2023; Lin et al. 2023b; Driess et al. 2023;
Huang et al. 2023; Yu et al. 2023). Most recently, research
has begun to leverage Large Multimodal Models (LMMs)
to enable robots to autonomously acquire new skills and ex-
periences in unseen environments, a concept known as Au-
tonomous Skill Acquisition (Zhou et al. 2024; Ahn et al.
2024; Yang et al. 2024b; Katara, Xian, and Fragkiadaki
2024; Bharadhwaj et al. 2024).

A central capability for autonomous agents is task dis-
covery, where LMMs propose manipulation tasks for robots
to execute (Wang et al. 2023b; Ahn et al. 2024; Yang et al.
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Figure 1: The illustration of HOTD. Driven by an overall
goal, humans often engage in concurrent sub-processes, re-
sulting in multiple possible future branches. HOTD aims to
identify tasks that remain helpful across diverse and uncer-
tain futures. For example, as highlighted by the green box,
completing wipe the table in advance saves human effort re-
gardless of the order of other steps.

2024b; Bharadhwaj et al. 2024). While recent methods fo-
cus on generating tasks based on current observations, they
typically assume fixed goals or closed environments. How-
ever, real-world human contexts are far more complex: peo-
ple often engage in multiple sub-processes simultaneously,
shift intentions dynamically, and rarely make all future steps
explicit. This gives rise to the critical problem of Human-
Centric Open-Future Task Discovery—inferring tasks that
remain helpful across diverse, uncertain future trajectories.
Unlike traditional task discovery, which aims to find the
next best step toward a known outcome, open-future discov-
ery must anticipate a range of plausible futures and iden-
tify actions that support them all. For example, as illustrated
in Fig. 1, a robot assisting with housework should proac-
tively wipe the table—a task that remains useful whether the
human later cooks, cleans, or rests. Solving this problem is
essential for enabling robots to provide anticipatory, gener-
alizable support in dynamic, human-centered environments.
It marks a necessary step toward collaborative Al that is not
just responsive, but truly aligned with human intent.

Given these important but neglected aspects, we intro-
duce the novel problem of Human-centric Open-future Task
Discovery. To clearly study it, we begin by formally defining
the HOTD problem, motivated by its central premise: dis-



covering human-centric tasks that arise from open-ended fu-
ture possibilities. A formal definition of human-centric tasks
is also provided to support this formulation.

However, assessing task-discovery performance under the
open-future setting poses significant challenges. As dis-
cussed above, the concurrent nature of human behavior leads
to exponential growth in possible future branches, making it
prohibitively expensive to annotate the complete set of help-
ful tasks. Moreover, relying on human annotators may intro-
duce subjective bias. To address these issues, we present the
HOTD-Bench along with a simulation-based evaluation ap-
proach. The HOTD-Bench is sourced from existing datasets
and encompasses diverse real-world activities. The simu-
lation evaluation adopts a discriminative strategy, avoid-
ing exhaustive enumeration while ensuring alignment with
human preferences. By leveraging the world-knowledge in
LLMs (Jin et al. 2024; Gruver et al. 2023; Cao et al. 2024),
our evaluation method accommodates open-set hypotheti-
cal future branches, including those not realized in the ob-
served scenario. This mitigates the limitations of purely ob-
servational evaluation, enabling comprehensive assessment
of both practical and theoretically optimal task decomposi-
tions. Experimental results on the HOTD-Bench reveal that
existing LMMs achieve only limited performance on HOTD.

To bridge this gap, we introduce a Collaborative Multi-
Agent Search Tree framework (CMAST). Our core idea is
to construct the search tree of procedural structure and iden-
tify appropriate tasks accordingly. Our framework has two
major innovations. First, CMAST introduces a search tree
module to explicitly structure the reasoning process. By it-
eratively building the search tree, our model captures the
inherent uncertainty of action procedures, thoroughly ex-
ploring various future scenarios. Furthermore, the search
tree module allows for a scalable test-time thinking, a key
trait shared with OpenAI-O3 (OpenAl 2025) and DeepSeek-
R1 (Guo et al. 2025). Second, CMAST employs a collab-
orative multi-agent system, where specialized agents man-
age different stages of the reasoning. This collaboration ef-
fectively decomposes the complex reasoning, enabling each
agent to focus on a specific aspect, reducing difficulty.

Experimental results show that our framework signifi-
cantly outperforms existing LMMs in terms of Valid Task
Ratio, while maintaining competitive performance in Valid
Task Count, demonstrating its strong advantage in the
HOTD. Ablation studies confirm the effectiveness of the
search tree module and demonstrate that our framework can
seamlessly integrate with various LMMs. Visualizations fur-
ther illustrate the framework’s ability to suggest appropriate
tasks by exploring diverse future procedures. Additionally,
experiments validate the effectiveness of the simulator in
reasonably deducing future scenarios.

Our key contributions are as follows: (1) We introduce
and formulate the Human-centric Open-future Task Discov-
ery problem, contributing to effective human-AlI collabora-
tion. (2) We establish HOTD-Bench, consisting of over 2K
real-world videos from two sources. A simulator is proposed
to deduce a given task’s future outcome, enabling the as-
sessment of any future trajectory and the evaluation of its
helpfulness. (3) We propose the CMAST framework to man-
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age the complex reasoning. Experiments show that CMAST
framework can seamlessly integrate a variety of existing
LMMs and achieve consistently superior performance.

Related Work

Autonomous Skill Acquisition. This technology encour-
ages robots to learn new skills with less human instruc-
tion (Bharadhwaj et al. 2024; Ahn et al. 2024). Some stud-
ies focus on simulation-based learning (Wang et al. 2023b,a;
Zhao, Weber, and Wermter 2024; Katara, Xian, and Fragki-
adaki 2024; Yang et al. 2024b), leveraging LMMs to au-
tomatically generate simulation components, such as scene
assets and supervision. Other studies focus on real-world
learning (Ahn et al. 2024; Zhou et al. 2024). They typically
leverage LMMs to recommend physical-interactive tasks, al-
lowing the robot to attempt them and gather experience. In
this work, we aim to further enhance LMM’s task-proposing
capabilities, focusing on generating more valuable tasks to
assist humans. Through this enhancement, we hope robots
will acquire skills that directly align with human needs.
Enhancing LMMs for Complex Reasoning. Recent stud-
ies have focused on enhancing LMMs for complex rea-
soning, with two common approaches being Multi-Agent
Systems and Chain-of-Thought. Multi-agent system de-
ploys multiple agents to break down complex problems into
smaller, manageable sub-parts (Wu et al. 2023; Hong et al.
2023; Yu et al. 2025), which has been verified across var-
ious applications (Yang et al. 2024d,c; Aher, Arriaga, and
Kalai 2023). Chain-of-thought reasoning enhances LMMs
by generating intermediate steps that progressively lead to
the final answer (Guo et al. 2025). The most notable models
are DeepSeek-R1 (Guo et al. 2025), OpenAl-o1/03 (Ope-
nAl 2024, 2025), which feature a scalable test-time thinking
that performs increasingly efficacious CoT reasoning with
extended thinking time. Inspired by previous works, our ap-
proach combines the advantages of both approaches.
Related Video Datasets. Video understanding has always
been a research focus. There exist a number of video under-
standing datasets (Soomro 2012; Caba Heilbron et al. 2015;
Jia et al. 2020; Damen et al. 2022; Zeng et al. 2024; Zhou
et al. 2023), some of which are related to humans(Zellers
et al. 2019; Lei et al. 2018; Grauman et al. 2022). How-
ever, none of the existing datasets focus on task discovery,
where the answers are supportive tasks for humans. In this
work, we curate our benchmark based on the existing video
datasets and develop an evaluation approach to assess the
contribution of any discovered task.

Formulation
Problem Formulation

The HOTD problem aims to discover a set of tasks that as-
sist the human in a given video segment. Specifically, given
an input video segment Iy.,, the model generates a set of
predicted tasks, denoted as Q; = {§j1, §j2, - - - ,Js }» where ~
indicates the predicted value.

To formally define the objective of HOTD, we denotes ()
be the set of all task descriptions in natural language. For a
given video input I, we define Q"¢ as the subset of () that
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Figure 2: The process of simulation-based evaluation (upper) & annotation pipeline (lower). The simulator first takes
a discovered task 9, a historical action sequence and its associated goal z as input. Then, it simulates the resulting future
trajectory A’, by accounting for the adjusted human actions until the goal. Finally, it summarizes the overall process to estimate

the incurred cost £(A’,, z) and compares it to the original cost £(A,,

z). In the annotation pipeline, future actions are first

selected to meet the helpful principle, then expanded into descriptive sentences and filtered through the non-disruptive principle

and the executable principle, finally forming the task labels.

contains only the human-centric tasks constrained by the ob-
served scenario I. An HOTD method is characterized by a
mapping function G, which predicts a set of tasks based on
the given video input: Q; = G(I). The objective of HOTD
is to find an optimal mapping function G that maximizes the
inclusion of human-centric tasks:

hc|

|Q1 N

_ I
Q1]

where the second is the normalized version of the first. Q I
denotes the predicted task set, Q"¢ denotes the ground truth

max Qrn ey, ; ey

human-centric task set. We further use Q"¢ to denote the
complement of Q?¢, only containing unhelpful tasks.

For the notion of open-ended future possibilities, we do
not explicitly define it. Instead, we rely on the simulation
evaluation, which accommodates open-set future scenarios
and estimates outcomes in line with human preferences.

The Definition of Human-Centric Tasks

To establish a clear understanding of HOTD, we develop a
systematic definition of what human-centric tasks are. Con-
cretely, a human-centric task is defined as an executable ac-
tion that contributes to achieving the human’s goal.

First, each human-centric task corresponds to a spe-
cific action that can be executed by robots. We follow the
three-level taxonomy, ‘action primitive’, ‘action’, and ‘activ-
ity’, introduced by Moeslund et al. (Moeslund, Hilton, and
Kriiger 2006). The human-centric task are defined to be at
the second level, ensuring that they are neither too narrow to
lack meaning nor too broad to confuse the robot.

Second, a human-centric task is not merely an action
but one that assists a human in reaching their goal. Let

17726

z € Z denote a human’s latent goal. The human exe-
cutes a sequence of actions to accomplish z, denoted as
A, = {a1,a9, -+ ,a,}. When the robot performs an ad-
ditional task ¥, the human may adjust their actions ac-
cordingly, resulting in a modified action sequence A’
{y,a},dby, -+ ,al}, where a!, represents the human’s mod-
ified action due to the influence of the robot’s intervention.

To formally define whether y provides assistance, we in-
troduce a cost function £ that quantifies the cost required to
achieve z. This cost function may be defined in terms of time
spent, labor exerted, or other measures. A task y is consid-
ered helpful if its inclusion reduces the overall cost, where
the subscript I denotes the history video driven by z:

yeQ —=yecQALALzZ) <L(A,,2). (2
Conversely, a task that increases the cost is not helpful:
yeQi == yeQNLAL2Z) > L(A,2). ()

Such a discriminative definition is particularly appropriate
and necessary, as the complexity of human cognition makes
a prescriptive one infeasible.

Benchmark
Data Collection

In order to evaluate the model’s performance under prac-
tical scenarios, we construct our dataset from two exist-
ing datasets: the Toyota Smarthome Untrimmed (TSU) (Das
et al. 2019; Dai et al. 2022) and the Charades (CHA) (Sig-
urdsson et al. 2016). They offer various real-world activities
from two distributions. We apply a sliding window to seg-
ment the videos and filter out low-quality samples, resulting
in 2450 curated clips totaling nearly 40 hours. The TSU and
CHA subsets contribute 2K and 0.4K videos, respectively.



Evaluate by Simulation

Under the open future setting, our evaluation aims to quan-
tify how many human-centric tasks are included in the pre-
dicted set. However, such evaluation is nontrivial. A straight-
forward approach would be to have human annotators la-
bel all helpful tasks. While intuitive, it is impractical due
to the annotator subjectivity and the prohibitive cost of
exhaustively labeling exponentially many future branches
(see Fig. 1). Instead, verifying whether a given task is helpful
is substantially more tractable, as it only requires estimating
the cost introduced in Eq. (2) and Eq. (3). This motivates
our use of simulation as an evaluation tool. A simulator can
flexibly model how the future would unfold under any hy-
pothetical task insertion, thereby enabling the evaluation of
arbitrary candidate trajectories.

The proposed simulation-based evaluation approach is il-
lustrated in the upper part of Fig. 2. For sequences without
robot intervention, it directly simulates the future processes.
For sequences with robot intervention, it models human
adaptation and reconstructs the complete sequence. The re-
sulting trajectory is then used to estimate the incurred costs.
A central strength of this approach lies in its generative na-
ture, which allows for evaluating not only observed trajec-
tories but also any hypothetical future beyond the dataset,
thereby capturing scenarios that could be more optimal than
those explicitly performed.

In our implementation, we adopt an LLM as the simula-
tor, which has been proven to reliably deduce future evolu-
tion (Jin et al. 2024; Gruver et al. 2023; Cao et al. 2024),
while also aligning with human preferences and minimiz-
ing subjective bias (Rafailov et al. 2023; Bai et al. 2022).
The latent goal z is pre-annotated according to the whole
video. The cost is defined in terms of time consumption. To
mitigate the sensitivity caused by absolute time estimations,
our simulator evaluates the relative time costs by compar-
ing two action sequences with or without robot intervention.
We adopt a chain-of-thought prompting approach that first
guides the LLM to envision future outcomes and then de-
termines whether £(A), z) < L(A., z). The experiment in
Sec. 6.3 as well as Fig. 4 (a) and Fig. 5 validates that our
LLM simulator is simple yet reliable.

Evaluate by Labels

We introduce an alternative evaluation approach based on
labeled task sets Q¢ ~ Q"¢, enabling a more stable evalu-
ation. The core idea is to approximate a “ground truth” set
of human-centric tasks, assuming that tasks humans will in-
evitably perform are inherently beneficial if completed in ad-
vance, as they directly reduce human effort and cost.

To construct Q’}c, we design a semi-automated annota-
tion pipeline (see Fig. 2 lower). We begin with the dense
action labels from the original datasets, select the future-
performed actions, and expand them into descriptive, open-
set task sentences using Qwen-VL (Wang et al. 2024). The
annotation is guided by three predefined principles defining
human-centric tasks. Helpful: A human-centric task should
complete actions in advance that humans would otherwise
have to do themselves. Non-disruptive: A human-centric
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Figure 3: The overview of the Collaborative Multi-Agent
Search Tree framework. It structures the HOTD reasoning
with 7 LMM agents and a scalable search tree module.

task should not conflict with the human’s plan. Executable:
A human-centric task must be possible to execute given the
current conditions. The detailed implementation of them can
be found in Appendix. By filtering and refining the expanded
action descriptions under these principles, we obtain a reli-
able approximation of the ground truth task set.

Method
Search Tree Module

The HOTD reasoning not only requires understanding the
visual contents, but also analyzing the open-future proce-
dure. To achieve this, we build a search tree that explicitly
represents open-future action space, enabling an explicit ex-
ploration of future scenarios. Additionally, it supports flex-
ible expansion and pruning, facilitating scalable test-time
thinking that achieves comprehensive answers, a key trait
shared with OpenAI-O3 (OpenAl 2025) and DeepSeek-
R1 (Guo et al. 2025).

The search tree is comprised of a set of nodes and edges:
T = (V, E). Each node corresponds to an individual action.
The edge between nodes represents the temporal order.

The first N nodes in the tree represent the history action
sequence determined by the input video, formulated as:

TO:N :P('UO,UN) — ('UO,'Ul,"' 7'UN);

S m “)
Vn < N, |Child (v")| = 1.

The superscript n represents the n-th layer of the tree. The
symbol P (v, v/) represents the path from node v to node v/.
The Child (v) represents the child nodes of the node v.

Starting from the N-th node, the tree begins to branch out.
Each branch represents a possible next step, reflecting the
uncertainty of the open-future, formulated as:

Child (v") = g (v™) = {v1, 09, - 5)

where ¢ is a node expansion function which we will intro-
duce in Eq. (6). As the tree progresses, multiple branches
capture various possible action sequences. The leaf nodes in

,Ug},n > N.



the tree represent the completion of the entire activity, which
we refer to as the “finish activity’.

The search tree supports several searching strategies. To
balance performance and efficiency, we employ a pruned ex-
haustive search with a 0.5 probability threshold. Alternative
strategies are discussed in the Sec. 6.3.

Collaborative Multi-Agent System

Inspired by previous works (Wu et al. 2023; Hong et al.
2023; Yu et al. 2025), we develop a multi-agent system to
structure the reasoning process in the HOTD problem. The
workflow is presented in Fig. 3. Our key idea is to decom-
pose the complex problem by aligning each agent with a spe-
cific stage of a search tree, such as initialization, expansion,
pruning, and post-processing. This design not only preserves
the generalization ability of LMMs but also enables seam-
less integration with various LMMs.

First, receiving the input video, the Scene Description
Agent digests the video and produces a detailed description
s = fs(Io.t, ), providing an overall precondition.

Second, the History Action Recognition Agent recog-
nizes the history actions of the person, (v, v!,--- v
fr (Io:to, ), which initializes the search tree.

Third, from the initial search tree, three agents are em-
ployed to expand the search tree iteratively. In each itera-
tion, the Next Action Prediction Agent forecasts the next im-
mediate action given the entire action path up to now. And
the Likelihood Estimation Agent predicts the probability for
each child node, providing reference for sorting and pruning.
We manually add the “finish activity’ node to every non-leaf
node. When the above two agents expand the search tree, the
Redundancy Removing Agent is employed to prune the re-
dundant nodes. These three agents work iteratively until all
unexpanded nodes are leaf nodes or reach a maximum tree
height. Let g denote the above three agents together, and the
expansion process can be written as:

{U17v27"' ) (6)

Fourth, the search tree is formatted into a set of action se-
quences by traversing all the paths. The Dependency Recog-
nition Agent is adopted to identify and exclude actions with
prerequisite, retaining only those executable ones.

Finally we dismantle the sequential structure, yielding a
set of independent actions. The Task Converting Agent is
employed to transform each action into a task description
from the robot’s perspective, formulated as:

ve} =g (" Ipg,,s),n > N.

QI = {ghg% to 7?)&}
= fc ({’U|’U c Un>NVn} 7IO:t07 8) 5

Implementation Details

Our framework is entirely training-free, requiring no fine-
tuning of the overall system or any submodule. This design
allows seamless integration of various LMMs. Specifically,
the Scene Description Agent, the History Action Recogni-
tion Agent, and the Next Action Prediction Agent are LMM
agents, implemented with LLaVA-Next-Video (Zhang et al.
2024), the other three agents are are LLM agents, imple-
mented with Qwen-LM (Yang et al. 2024a).

(N
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Experiment
Experimental Setups

Baselines. We conduct a quantitative study on the HOTD-
Bench to evaluate the HOTD capabilities of the follow-
ing open-source LMMs: Qwen2-VL (Wang et al. 2024),
Qwen2.5-VL (Team 2025), InternVL2 (Team 2024), In-
ternVL2.5 (Chen et al. 2024), Video-LLaVA (Lin et al.
2023a), LLaVA-Next-Video (Zhang et al. 2024). These
baselines are prompted with the video to recommend some
assisting tasks.

Evaluation Metrics. We establish two evaluation metrics,
Valid Task Count and Valid Task Ratio, corresponding to
two objectives in Eq. (1). The Valid Task Count, denoted
as ‘vc’, measures the average number of helpful tasks dis-
covered, indicating the model’s ability to identify a diverse
range of helpful tasks. The Valid Task Ratio, denoted as ‘vr’,
measures the average proportion of helpful tasks within each
prediction, indicating the reliability and the precision of the
model’s outputs. Their formulations are shown below, where
N denotes the number of samples:

1 al 1C ‘QI
:N;‘Q}I"ﬂ Ve anl

Qr,

n

®)

For the majority of experiments in this paper, we report

the results of both evaluation approaches (by simulation and

labels). We also measured videos with different observation

lengths, using ‘@’ for distinguishing. For example, ‘vc@40’
represents the metric given 40 sec of observations.

Overall Evaluation

Tab. 1 shows the performance of our framework against
baseline LMMs. Our method demonstrates significant ad-
vantages over baselines, validating its effectiveness.

For the Valid Task Ratio, our method clearly outperforms
the others across observation lengths. Specifically, all exist-
ing LMMs achieve a relatively low Valid Task Ratio, from
29.1% to 62.4%, struggling to provide sufficient assistance,
likely due to their training on dialogue instruction corpora,
which is inadequate to capture the behavioral expectations
of humans. In contrast, our approach surpasses the second-
best method by 15% to 22% in the TSU subset and achieves
the same level as the second-best method in the CHA sub-
set. This validates that by forecasting future situations and
imagining tasks in the future context, our method can dis-
cover more supportive tasks within each prediction round.

For the Valid Task Count, our method also achieves com-
petitive results. Our method outperforms the second-best by
an average of 7.6% in the TSU subset. This confirms that our
method is capable of discovering a diversity of tasks, with a
significant proportion of them being beneficial, largely due
to the search tree module’s exploration of potential future
scenarios and activity procedures.

Further Analysis

Comparing Among Existing LMMs. Based on the re-
sults in Tab. 1, we further analyze the performance of ex-



TSU subset CHA subset
Method ve@20/vr@20 vc@40/vr@40 ve@60/vr@60 vc@80/vr@80 | ve@20/vr@20 vc@30/vr@30
Qwen2VL-7B 2.86/44.3% 2.71/44.2% 4.03 / 40.6% 2.77142.0% 2.06/43.1% 2.08/48.1%
Qwen2.5VL-72B | 2.45/48.8% 2.47147.6% 2.62/42.6% 2.22/43.0% 3.01/40.9% 2.87/43.0%
InternVL2-8B 2.23/58.4% 2.51/61.0% 2.44/62.4% 2.79/59.8% 2.47154.5% 2.28 /1 58.1%
InternVL2.5-26B 1.57/40.5% 1.48/42.4% 1.42/40.9% 1.38/40.5% 1.88/42.2% 1.74 /1 43.3%
Video-LLaVA-7B | 0.47/40.8% 0.45/41.5% 0.40 / 40.6% 0.46/42.1% 0.36/36.0% 0.29/29.1%
LLaVA-NV-7B 3.62/48.9% 3.34/50.2% 2.92/48.8% 3.41/51.5% 6.20 / 54.1% 6.02 /50.0%
LLaVA-NV-34B 3.28/41.5% 3.39/44.2% 2.69 /45.0% 3.41/42.6% 3.55740.8% 3.18/42.7%
CMAST(ours) \ 3.90 / 71.7% 3.83/71.9% 3.89/72.0% 3.86 / 71.8% \ 2.73/55.5% 2.82/53.6%

Table 1: The quantitative comparison in the HOTD-Bench, evaluated by simulation. The ‘vc@’ and ‘vr@’ denotes the
Valid Task Count and the Valid Task Ratio at a specific observation length, higher is better. The best are highlighted by bold
and the second best are highlighted by underline. CMAST demonstrates significantly better performance against other methods.
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Figure 4: (a) Human evaluation of the simulator. Columns indicate how many annotators rated each task as helpful, where
0 means all rated it unhelpful and 5 means all rated it helpful. The distribution shows strong agreement between the simulator
and human preferences. (b) Ablations on the search-tree module and component agents, with 40-sec TSU observations,
evaluated by simulator (left) and labels (right). (¢) Ablation on the search strategy in the TSU subset, 40 sec observation
length, evaluated by simulation. The ‘Efficiency’ is measured by the average number of expansions.

TSU subset CHA subset
Method ve@40 / vr@40 vc@60/vr@60 | ve@20 / vr@20
Qwen2VL-7B 0.82/14.1% 0.82/13.9% 0.58/13.2%
InternVL2-8B 0.50/16.0% 0.52/17.1% 0.89/ 5.3%
Video-LLaVA 0.22/20.6% 0.22/21.5% 0.09/ 9.2%
LLaVA-NV-7B 1.51/15.0% 1.61/15.0% 1.00/ 8.1%
LLaVA-NV-34B | 1.22/13.1% 1.30/13.8% 0.87/10.9%
CMAST(ours) | 1.92/38.7% 1.98/39.3% | 0.79/15.6%

Table 2: The quantitative comparison in the HOTD-
Bench, evaluated by labels. CMAST also demonstrates sig-
nificantly better performance against other methods.

isting LMMs. Notably, there is generally a trade-off be-
tween Valid Task Count and Valid Task Ratio. For instance,
Internvl2-8B (Team 2024) achieves the highest Valid Task
Ratio among baselines, but a low Valid Task Count, indi-
cating overly conservative predictions. LLaVA-Next-Video-
7B (Zhang et al. 2024) achieves the highest Valid Task Count
among baselines, but a low Valid Task Ratio, indicating
aggressive predictions with many invalid tasks. Moreover,
larger models offer no clear advantage over smaller models.
This indicates that scaling up does not necessarily enhance
task discovery capabilities. Overall, current LMMs still face
notable challenges in addressing the HOTD problem.

Reliability of the Simulator. To investigate whether the
simulator aligns with human preferences, we conducted a
human evaluation. We randomly selected 25 helpful and 25

17729

unhelpful tasks as marked by the simulator, and presented
them in mixed order to 5 annotators. Annotators indepen-
dently judged whether each task is helpful. As shown in
Fig. 4 (a), tasks judged helpful by the simulator were largely
considered helpful by humans, and similarly for unhelpful
tasks. The result shows that the simulator reliably reflects
human preferences, offering accurate assessments.

Case Study of the Simulator. Fig. 5 presents future deduc-
tions generated by our simulator, demonstrating its strong
generalization even for scenarios not explicitly observed in
the dataset. For instance, in the last row, it successfully antic-
ipates that the person will need to retrieve the cup as a con-
sequence of the robot’s action, an event that wouldn’t have
happened otherwise. These examples highlight the effective-
ness of our LLM-based simulator, as it offers a reliable and
comprehensive assessment of all hypothetical tasks.
Ablation on the Search Tree Module. We conduct an
ablation study to examine the overall contribution of the
search tree module. The results are shown in Fig. 4 (b). The
‘CMAST-main’ is our main version. The ‘CMAST w/o tree’
removes the entire search tree module, replacing it with an
LMM agent that directly predicts future actions. As can be
seen from the results, replacing the entire search tree mod-
ule reduces the Valid Task Ratio by 37%. This suggests that
a single LMM agent may produce confined prediction paths.
On the contrary, the search tree module addresses it by pro-
viding an explicit and structured procedure space, allowing
for a thorough examination of different action procedures.



Goal Task Deduction Helpfulness
Prepare a beverage Wipe down the The person continue to prepare a beverage .... Wiping down the countertop helps True
and clean the kitchen countertop in organizing the space, making it easier ... to access items ....

Work on a laptop and If the person plans to use the oven for cooking or baking, preheating it ... could

prepare food Rreheatitheloven help them achieve their goal more efficiently. e
Read and work on a Pick up a remote to The person's purpose is to read and work .... The task of pick up a remote ... has False
laptop change the channel nothing to do with the person's current activity and purpose.

Organize the kitchen Place the coffee cup in  The robot removes the cup .... If the person continue ... would likely need to False

and have a cup of the dishwasher

retrieve the cup ..., disrupting their current flow ....

coffee

Figure 5: Examples from the Simulator. The figure presents examples of its future deduction and helpfulness judgment.
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Figure 6: Comparisons against human performance. We
show the Valid Task Ratio of 10 samples and the average
score. The upper row is evaluated by simulation and the
lower row is by labels.

Ablation on the Search Strategy. The results in Fig. 4 (c)
compare different search strategies, where ‘CMAST-
beam=Fk’ denotes beam search with a beam size of k. While
the greedy search (k=1) is the most efficient, it discov-
ers only 1.4 helpful tasks on average. More time-intensive
search strategies yield progressively better performance, sig-
nificantly increasing the number of discovered tasks while
keeping the accuracy ratio basically unchanged. This con-
firms that by scaling up the test-time thinking, our model is
able to explore a broader range of future situations and cover
more valuable tasks.

Choice of Component Agents. To investigate the influ-
ence of different component agents, we replace the agents
in our framework with different LMMs, generating the fol-
lowing variants: CMAST-LLaVA, which is our main ver-
sion, CMAST-InternVL2, which uses InternVL2-8B (Team
2024), CMAST-Qwen2, which uses Qwen2-VL-7B (Wang
et al. 2024). Additionally, we report the corresponding
vanilla LMMs for each variant. The results are shown in
Fig. 4 (b). Comparing the same LMM:s used in isolation, our
framework improve the Valid Task Ratio by at least 39%.
The results confirm that using different component agents
consistently enhances our model’s performance, highlight-
ing its ability to seamlessly integrate with various LMMs.
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Predictions from CMAST

open the microwave to check if food is ready
get some water using a glass

start the dishwasher

take out a clean plate from the cabinet

start loading the dishwasher with dirty dishes
place the cleaned dish into the dishwasher

ISR NS

pour a drink from a bottle on the counter into the glass _,

get a towel from the cabinet v
Predictions from Qwen2-VL ®
» open the refrigerator and taking out a bottle of soda X
* pour the soda into a glass X
» wash his hands in the sink v
* dry his hands with a towel X
* open a cabinet and taking out a plate v

Figure 7: The visualization of predictions from CMAST
and baseline (Wang et al. 2024). The v' / X column indicates
correct/incorrect predictions. More examples can be found
in Appendix.

Comparing with Human Performance. We investigate
whether CMAST can achieve human-level performance by
randomly selecting 10 examples and asking human partici-
pants to discover tasks. The results are in Fig. 6, where the
CMAST framework achieves performance comparable to
the human level. We present this experiment not to claim that
our method has surpassed human capabilities but to show-
case its potential and the interesting phenomena observed.

Conclusion

We introduce and formalize the problem of Human-centric
Open-future Task Discovery, enabling LMMs to identify
tasks that assist humans. To study it, we present HOTD-
Bench, a benchmark with over 2K real-world videos of di-
verse activities, coupled with a simulation-based protocol
that evaluates open-set futures beyond observed trajecto-
ries. For stable evaluation, we additionally provide open-
vocabulary task labels annotated through a semi-automated
pipeline. We further propose the Collaborative Multi-Agent
Search Tree framework, which leverages a multi-agent sys-
tem and a scalable search tree module to structure the com-
plex reasoning. Experiments show substantial gains in Valid
Task Count and Valid Task Ratio, with consistent improve-
ments when integrated with existing LMM:s.
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